[1] A regionalization scheme by which parameters of a continuous rainfall-runoff model are estimated from physiographic and climatic watershed descriptors is presented. The approach makes use of the spatial structures displayed by the parameters within a physiographic-climatic space defined on the basis of a canonical correlation analysis between model parameters and watershed descriptors. Traditionally, regionalization has been performed using a two-step procedure of first estimating the model parameters in a set of subwatersheds independently and then establishing a relationship between the parameters thus estimated and a set of watershed descriptors. The approach presented in this paper follows a procedure by which the two steps are combined into one. The model is calibrated for the training subwatersheds with a dual objective of maximizing the model performance and achieving well-defined spatial structures of the parameters within the physiographic-climatic space. The model parameters in the subwatersheds that are not used for training are estimated from the optimum parameters obtained in the training set of subwatersheds using ordinary kriging within the physiographic-climatic space. The performance of the model in these subwatersheds is comparable to the performance in the training set obtained using the optimum parameters estimated through model calibration. The results also indicate the possibility of extrapolation of the model parameters under a situation where some of the watershed descriptors lie slightly outside the range within which the training was done.
Introduction
[2] Rainfall-runoff models have been widely used as tools for the prediction of streamflow resulting from meteorological driving forces. They have enjoyed a wide range of practical applications such as estimation of design flows in engineering practice, assessment of the impact of environmental changes in a watershed, and climate change impact studies. The traditional paradigm of their application generally follows a two-stage procedure: parameterization of the model using a set of observed historical meteorological and runoff data through model calibration; and implementation of the calibrated model for prediction.
[3] Estimation of model parameters, however, is often a difficult task; especially in ungauged watersheds, for which there is no historical observed runoff data to calibrate the model with. Application of a distributed physically based model, whose parameters can be estimated a priori from physical watershed properties, might be a solution. However, because of the difficulty of upscaling the measured parameters at small scale to a scale consistent with the spatial descritization within the model, it is practically difficult to fix the model parameters a priori without calibrating the model against observed watershed response. Even with the availability of watershed response data, it is not always easy to apply distributed physically based models because of their demand for a detailed data set, which may not be available for many watersheds. Therefore there is still a need to work with more parsimonious lumped models whose parameters are not directly related to the watershed properties.
[4] A handful of research efforts have been carried out in the recent past to regionalize parameters of conceptual models on the basis of different sets of physiographic and climatic attributes of a watershed [Abdulla and Lettenmaier, 1997; Post and Jakeman, 1999; Seibert, 1999; Fernandez et al., 2000; Hundecha and Bárdossy, 2004; Merz and Blöschl, 2004; Heuvelmans et al., 2006; Young, 2006] . Such an approach can potentially be exploited to handle the ungauged watershed problem and as a modeling scheme to assess the impact of changes in watershed attributes, such as land use. Indeed, their potential usage depends on the watershed attributes that are used to regionalize the parameters. Unless the land use attributes of the watershed are used to regionalize the model parameters, the approach would be of little importance in assessing the effect of land use changes. Similarly, if the parameters are regionalized on the basis of certain indices derived from streamflow, applicability of the approach in ungauged watersheds is not apparent.
[5] A common feature shared by most of the regionalization approaches reported so far is that they follow the two-stage procedure of first calibrating the model for individual subwatersheds without any reference to the watershed attributes and then fitting an assumed mathematical relationship between the set of watershed attributes and the model parameters. A linear regression is often used to establish the relationship. However, because of the problem of equifinality, a unique set of parameters is not generally achieved through model calibration [Duan et al., 1992; Beven and Freer, 2001] . There are many equally competing parameter sets that lead to a similar model performance and model calibration yields just one set among them. It is therefore difficult to get a well-defined relationship between the model parameters and the watershed descriptors. Fernandez et al. [2000] and Hundecha and Bárdossy [2004] devised a methodology in which they performed the model calibration and the fitting of the relationship between the model parameters and the watershed descriptors simultaneously thereby identifying parameters that display a defined relationship with the watershed descriptors.
[6] The work presented in this paper is a methodological advancement of the work by Hundecha and Bárdossy [2004] , which was done on regionalization of parameters of the HBV model [Bergström, 1995; Lindström et al., 1997] for subwatersheds of the Rhine basin. A linear relationship between the model parameters and a set of watershed attributes was assumed by Hundecha and Bárdossy [2004] . However, a linear relationship doesn't necessarily reflect the inherent relationship that might exist between model parameters and the corresponding set of watershed attributes.
[7] The intention in this work is to investigate an approach for the estimation of model parameters from watershed attributes on the basis of a measure of similarity of watersheds within a space defined using a set of physiographic and climate descriptors. The measure of similarity of watersheds can be defined using an appropriate distance metric within this physiographic-climatic space. The defined distance metric serves as a better measure of similarity of watersheds in terms of their hydrological response than a distance defined on the basis of their geographic locations. It can therefore be used as a basis for regionalization of watershed responses or model parameters. McIntyre et al. [2005] implemented this approach for the regionalization of watershed runoff for prediction in ungauged watersheds. In the present study, we implement a physiographic-climatic space defined using coordinates derived from canonical correlation analysis of model parameters and watershed descriptors. We further make use of the ''spatial'' structure of each of the model parameters, which is modeled using a variogram function in the physiographic-climatic space to estimate parameters at ungauged watersheds. A similar approach was implemented for the regional estimation of flood frequency by Chokmani and Ouarda [2004] .
[8] In the present work, the approach is implemented for the regional estimation of parameters of the HBV model with a different procedure. The estimation is carried out by simultaneously calibrating the model for 30 subwatersheds with a dual objective of maximizing the overall model performance and obtaining a well-defined spatial structure for each of the parameters within the physiographic-climatic space. Model parameters for the other subwatersheds are subsequently estimated through kriging from the parameter values of the calibration set of subwatersheds using the variograms describing the spatial structure of the parameters obtained during the calibration phase.
Study Area and Data Set
[9] The study was carried out on part of the Rhine basin located downstream of the gauge Maxau, located in the upper Rhine and upstream of Lobit, located in the lower Rhine. It has a total area of 109,330 km 2 .The watershed is subdivided into 101 subwatersheds of area ranging between 400 km 2 to 2100 km 2 ( Figure 1) . Part of the upper Mosel is located in France and since meteorological data for this part were not available for this work, six of the subwatersheds in the upper Mosel were left out of the study and the remaining 95 subwatersheds were considered for further study.
[10] The study area is characterized by different topographic structures ranging from hilly areas in the south and eastern part with elevation up to 1000 m a.s.l. to predominantly flat features in the lower part of the basin with elevation as low as 10 m a.s.l. The land cover within the basin also ranges from predominantly forest cover in the Sieg subbasin to a predominantly urban structure in the lower Rhine area.
[11] Digital maps of elevation, soil type, and land use were obtained at a resolution of 1 km Â 1 km from The International Commission for the Hydrology of the Rhine basin, CHR. Meteorological data were also obtained from the German Weather Service (DWD) for the period 1960 -1998. These include daily precipitation amounts at 950 stations, daily maximum and minimum temperature at 250 stations, as well as relative humidity measured at 2 PM at the temperature stations.
[12] Daily precipitation and daily mean temperature were interpolated on a 5 km Â 5 km grid over the study area using external drift kriging [Ahmed and deMarsily, 1987] by implementing a function of the topographic elevation as a drift variable [Hundecha and Bárdossy, 2004] . The longterm mean monthly evapotranspiration for different types of crops and forests were estimated using the Haude [1955] approach. The method is based on Dalton's law of evaporation, which considers evaporation as a process controlled by the vapor pressure difference between the evaporating surface and the atmosphere. The approach requires daily series of mean air temperature and relative humidity as well as crop coefficients for different types of vegetation.
Methodology

Rainfall-Runoff Model
[13] A semidistributed conceptual model of the Swedish Meteorological and Hydrological Institute (SMHI), the HBV model [Bergström, 1995; Lindström et al., 1997] was used in the study. The model has components for the computation of snow accumulation and melt, soil moisture accounting, and runoff response. The snow accumulation and melt routine uses the degree day method. The soil moisture accounting routine computes the proportion of rainfall or snowmelt that is converted into runoff as a ratio of soil moisture and field capacity of the soil FC raised to a parameter b. The remaining portion is added to the soil moisture. Soil moisture is depleted by evapotranspiration, which is controlled by the actual soil moisture and the potential evapotranspiration. A threshold moisture content LP is defined above which evapotranspiration reaches its potential value. Below this value, the actual evapotranspiration reduces linearly to zero for a completely dry soil.
[14] The routines for snow accumulation and melt as well as soil moisture accounting are both applied in a distributed manner on homogeneous zones defined on the basis of elevation, soil type, and land use class. The elevation zones are defined using a 100 m contour interval, with areas between successive intervals considered homogeneous in terms of elevation. Each elevation zone is further subdivided into six soil zones, which are predominant in the study area (Lithosol, Ranker, Rendzina, Cambisol, Fluvisol, and Podzol) . Four land use classes are defined (forest, urban, agricultural, and water body) and the percentage of each land use class in each zone defined by the intersection of the elevation and soil classes is computed. The daily series of precipitation and mean temperature for each zone were computed by taking the mean values of the interpolated values on the 5 km Â 5 km grids within the zones.
[15] Routing of the runoff computed by the soil moisture accounting routine to the outlet of the subwatershed is done using a lumped runoff response routine, which is conceptualized as two stacked reservoirs. The upper reservoir, which is a non linear reservoir, is directly fed by the runoff computed by the soil moisture accounting routine and its outflow simulates the direct runoff component from the upper soil zone. The lower linear reservoir is fed by percolation from the upper reservoir and its outflow simulates the base flow component of the subwatershed. The computed direct runoff and base flow components are finally transformed into a total discharge using a triangular weighting function whose base is defined by the parameter MAXBAS [Bergström, 1995] .
[16] Some modifications were done to some of the routines and more components were added to the model structure so that the effect of land cover can be taken account of Hundecha [2005] . The degree day factor CC is assumed to be a linear function of the daily amount of precipitation. In order to avoid an unrealistically high melt rate, an additional parameter that defines the upper bound to the degree day factor was also introduced. Rainfall or snowmelt on sealed areas are directly transformed into runoff at the outlet using the triangular function without entering the routing reservoirs. In addition, a component for infiltration excess runoff from pervious areas was added, which is modeled by defining a threshold precipitation intensity P thr . When the rainfall intensity exceeds this value, some portion of the rainfall in excess of this threshold value is considered to produce direct overland flow that is directly routed to the outlet of the subwatershed without entering the reservoirs of the runoff response routine. The ratio between this direct overland flow and the rainfall in excess of P thr is defined as percentage of sealing during heavy rainfall (Y seal ). Figure 2 shows a schematic representation of the runoff response module.
Regionalization of Model Parameters
[17] The parameters of the routines for the distributed components of the model are regionalized using the land use type and/or soil type. The degree day factor, CC, is regionalized on the basis of land use and the parameters of the soil accounting routine (b and FC) are regionalized on the basis of soil type and land use. Regionalization of the parameters of the lumped watershed response routine is, however, carried out by identifying the spatial structures of the parameters within a space defined using watershed physiographic and climatic attributes. The rationale is to map watersheds with similar properties close to one another, no matter how they are located relative to one another geographically. A canonical correlation analysis is implemented in this work for the definition of the coordinates of the physiographic-climatic space.
[18] A canonical correlation analysis between two sets of variables basically consists of determining pairs of transformed variables, referred to as canonical variables, which are linear combinations of the original variables in each set. The weights for the linear combination are established in such a way that the correlations between the pairs are maximized (see Ouarda et al. [2001] for the details and its application in the regionalization of flood frequency). There are, in general, as many canonical pairs as the minimum number of variables in either set of the original variables. One can also determine the proportion of variance accounted for by the correlation between each pair of canonical variables. An interesting property of the canonical variables is that any pair of canonical variables in each set is uncorrelated, making the variables orthogonal to one another. This property can be exploited to define coordinate axes for the physiographic-climatic space.
[19] A canonical correlation analysis is performed between the parameters of the watershed response routine and the watershed physiographic-climatic attributes. The resulting canonical variates of the watershed physiographicclimatic attributes are then used as orthogonal bases for the definition of the coordinates of the physiographicclimatic space. The ''distance'' between subwatersheds is then computed as the Euclidean norm using their coordinates within the space thus defined.
[20] The physiographic attributes include: percentages of the different land use and soil classes, size and mean slope of the subwatershed, as well as a shape factor defined as the ratio between area of a subwatershed and the square of the distance from the outlet of the watershed to the farthest point in the watershed. The slope at each grid was computed using Horn's method [Horn, 1981] , which computes the slope from the elevations of the neighboring eight grids by applying a weight proportional to the square of the distance of each grid from the kernel. The mean slope of a watershed is then taken as the average of the computed slopes at all grids within the watershed. Furthermore, the mean annual precipitation is used as a climate descriptor. All the attributes are standardized in order to account for the scaling effect of the different attributes.
[21] It should be noted that in addition to the proportion of the different land use and soil types as well as the mean of the watershed slope, their spatial patterns within a watershed also determine the way the watersheds respond. It would therefore be appropriate to consider the spatial patterns as well to fully characterize the similarity of watersheds in terms of their hydrological response. However, the hydrological model implemented in this work is not a fully distributed model and it does not allow incorporation of the correct spatial pattern of the watershed characteristics.
[22] The spatial structure of the model parameters in the physiographic-climatic space is modeled using a geostatistical approach. The fundamental hypothesis of basic geostatistical analysis, referred to as the intrinsic hypothesis [Journel and Huijbregts, 1978] , assumes that the expected value of a regionalized variable is constant all over the domain of study and that the variance of the difference in the values of the variable corresponding to two different locations depends only on the vector separating them. This is described by a variogram function, which is defined as half of the square of the difference in the values of the parameter between two locations as a function of their separation vector. Practically, this is computed as half of the average squared difference between the values of points separated by a given vector h:
where N(h) is the number of pairs with separation vector h; x i and y i are the values of the corresponding pairs. Isotropic variograms are assumed in this work, in which the values of the variograms depend only on the separation distance and not on the direction.
[23] For further implementation of the variogram thus calculated in the estimation of parameters at other locations, a continuous theoretical variogram must be fitted. The fitted theoretical variogram must be positive definite and there are certain variogram forms that meet this requirement [Cressie, 1993] and the form of the fitted variogram is selected among these variograms.
[24] Once the appropriate theoretical variogram describing the spatial structure of a given parameter is estimated, the parameter value in a subwatershed whose parameter value is not known beforehand is estimated using a kriging technique as the weighted sum of the parameter values of ''nearby'' watersheds. The kriging weights are determined in such a way that the estimated value is unbiased and the estimation variance is minimized. The unbiasedness criterion requires that the spatially constant expected value of the intrinsic hypothesis holds for the estimate. The nearby watersheds are selected on the basis of their proximity in the physiographic-climatic space to the watershed for which the parameter value is being sought. They are selected using the quadrant search method. A maximum distance defined by the range of the variogram corresponding to the parameter in question is used.
Parameter Estimation
[25] The regional parameter estimation procedure implemented in this work follows calibration of the model for a selected set of subwatersheds simultaneously with a dual objective of maximizing the model performance and having each of the model parameters maintain a spatial structure that is described by an acceptable variogram function.
[26] The objective function used as a measure of performance of the hydrological model is a weighted form of the Nash-Sutcliffe efficiency measure, NS [Nash and Sutcliffe, 1970] , which needs to be maximized:
where Q c and Q o are the simulated and the observed discharges respectively and Q o is the mean observed discharge over the simulation period (N days). w(.) is a weight that gives emphasis to certain parts of the hydrograph. The observed discharge, Q o , is used here as the weight to give progressively more weight to higher flows and improve estimation of peak flows. A general tendency of underestimation of the peak was noted in a previous study [Hundecha, 2005] using the same model in the same study area.
[27] The objective function in equation (2) indicates the performance of the model at individual subwatersheds. An objective function that is indicative of the model performance in all subwatersheds should be defined. One possibility would be to use the sum or mean value of NS at all subwatersheds as a single objective function. However, this leads to an unbalanced optimization of the model performance, since a poor performance in some subwatersheds could be offset by a good performance in others. An objective function that gives more emphasis to the subwatershed in which the model performance is the poorest is introduced to optimize the overall performance of the model in all subwatersheds:
where M is the number of subwatersheds with discharge observation.
[28] The objective function used to evaluate whether the spatial structures of the model parameters reasonably approximate acceptable variogram functions is established in two different ways. The main difference between the two approaches lies in that the parametric form of the variogram of each of the model parameters is assumed a priori in one of the approaches while no prior assumption is made in the other approach.
[29] In the first approach, where the parametric form of the variograms is assumed a priori, the approximate form of the variogram for each of the five model parameters was set on the basis of the parameters estimated for the same study area in the work by Hundecha and Bárdossy [2004] . After performing a canonical correlation analysis between the model parameters and the watershed descriptors, a variogram was computed for each model parameter in the canonical space of the watershed descriptors. The first two canonical variates of the watershed descriptors were used to define the coordinates of the space since they account for more than 80% of the variance of the correlation and this is kept throughout the calibration process. Since the subwatersheds show no apparent clustering effect within this canonical space as shown in Figure 3 , the variograms are computed using a constant lag step, which is fixed in such a way that there are at least 30 pairs of points for each lag class to compute the variogram. A lag tolerance of half the lag step is implemented to obtain enough pairs of points for each lag class.
[30] The model calibration procedure consists of estimating the model parameters and the parameters of the variograms whose forms are fixed a priori so that the performance of the model is maximized while the root mean square errors between the variogram functions and the computed empirical variograms are minimized. The problem is therefore a multiobjective optimization problem. The optimization was performed with the aim of simultaneously maximizing the objective function in equation (3) and minimizing the normalized form of the root mean square error between the variogram functions and the empirical variograms of all the model parameters. Since this is basically a multi objective optimization problem, the objective functions measuring the model performance and the fit of the variograms are combined into a single objective function. This was done by subtracting the sum of the normalized root mean square error of the variogram fit corresponding to each of the five model parameters from the objective function given in equation (3). The objective function in equation (3) was divided by 2M to bring it to the same scale as the normalized mean square errors of the variogram fit. The objective is then to maximize the resulting objective function.
[31] Prior assumption of the parametric form of the variograms imposes undesirable constraints on the model parameters and may not lead to the best solution in estimating the variogram functions. A second approach, in which no prior assumption of the parametric form of the variograms is made, is implemented to estimate the model parameters. In this method, the model parameters are estimated in such a way that the continuity of the model parameters within the canonical space of the watershed descriptors is ensured by minimizing the cumulative variance of the parameters separated by different distances while the variance increases monotonically with separation distance. This ensures that the difference in the parameter values continuously increases with increasing distance between them in the watershed attributes' space. Simultaneously, performance of the hydrological model is maximized. To achieve this, an approach similar to the one followed by Bárdossy et al. [2005] for the prediction of watershed discharge characteristics from watershed properties is implemented. A function that expresses the increase in the variance of the parameter value as a function of the separation distance is defined in a nonparametric way as
where p is the proportion of pairs of watersheds with separation distance in the canonical space less than d(p) and N(p) is the corresponding actual number of pairs; x i and x j are the location vectors of watersheds i and j respectively in the canonical space; y i and y j are the parameter values of watersheds i and j respectively.
[32] To ensure continuity of the parameter values, one can minimize G B (p 0 ) for a selected p 0 < 1, where d(p 0 ) is the limiting distance in the canonical space of the neighboring watersheds used for estimation of parameters using kriging. However, because of the possible uneven distribution of the watersheds in the canonical space, this limiting distance may vary for different watersheds, making selection of an appropriate p 0 difficult. Thus one can alternatively consider minimizing the integral of the G B (p) versus p curve up to a limiting proportion p*:
where p* = n p /n, n p is the number of neighboring watersheds used for estimation of parameters using kriging and n is the total number of watersheds in the calibration set. Practically, equation (5) can be simplified by dividing p* into a number of portions (J) as
where p J = p*. The monotonicity of the variogram function is insured if
A penalty function W is introduced that is used as a multiplier to the objective function of equation (6) if the monotonicity condition is not met:
For a detailed discussion of the formulation of the procedure, one is referred to Bárdossy et al. [2005] .
[33] The resulting parameter estimation problem is a multiobjective optimization problem requiring maximizing the objective function of equation (3) and minimizing five functions of the form given in equation (6) (one for each of the five model parameters). The objective function in equations (3) and (6) were reduced into a single objective function as the sum of the five objective functions of equation (6) minus the objective function in equation (3), which needs to be minimized. In order to bring the two set of objective functions to a similar scale, the objective function in equation (3) is divided by 2M. Once the optimum parameters are estimated, the best variogram function corresponding to each of the model parameters is then fitted to the empirical variogram calculated for each of the parameters within the canonical space of the watershed descriptors using the least squares approach. In both approaches, simulated annealing [Kirkpatrick et al., 1983] is implemented to estimate the optimum regional parameters.
Results and Discussion
Calibration
[34] The regional model calibration was performed on the basis of simulating daily discharge values for the period 1983 to 1988. The subwatersheds selected to constitute the calibration set reflect a wide range of each of the watershed attributes used to regionalize the model parameters and they are selected from geographically different regions within the study area. Table 1 shows the ranges of the different watershed attributes in the calibration and validation set of subwatersheds. Note that some of the watershed attributes in the validation set are outside their corresponding range in the calibration set. This enables us to validate the possibility of extrapolation of the model parameter values using the regional relationship established in the calibration set.
[35] Figure 3 shows the empirical and the corresponding theoretical variograms pertaining to each of the parameters of the lumped runoff response routine, which were obtained after the regional model calibration using the parametric approach. Also Table 2 shows the parameters of the fitted Figure 3 . Locations of subwatersheds of the calibration set within the physiographic-climatic canonical space defined using the first two canonical variables of the physiographic-climate attributes of the watersheds.
variogram functions for each model parameter. One can see from Figure 4 that all parameters show a marked spatial structure in the canonical space, which is an indication that the parameters are continuous over the canonical space. Parameters of the upper reservoir and the percolation parameter show a spatial structure which can be modeled accurately using a Gaussian variogram. On the other hand, the recession constant for the lower reservoir shows a structure that is described by an exponential variogram while the smoothing function, MAXBAS, shows a structure that is best described by a spherical variogram. Indeed, as noted earlier in connection with the parametric approach, the form of the variogram for each parameter was set a priori and the objective of the model calibration was to find parameters which give the best model performance and at the same time the best fit to the assumed variograms, which is measured by the sum of the squared errors. It should also be noted that a nugget effect is added to account for a possible discontinuity of the variograms at the origin.
[36] Figure 5 shows the empirical and the fitted theoretical variograms for each of the model parameters in the canonical space after the parameters are estimated using the nonparametric approach. Like in the parametric approach, in this approach too, the parameters show continuity in the Figure 4. Experimental and fitted theoretical variograms for the parameters of the runoff response routine estimated using the parametric approach.
canonical space. However, one can notice that the best theoretical variograms fitted to all of the parameters are Gaussian. In fact, these are more natural patterns of variability since no prior assumption was made about the form of the variograms. Besides, because of the minimization of the local variance, the nugget effects (which represent the variance of the variable) in all the variograms are lower compared to that of the parametric approach.
[37] Under the stationarity assumption, the variograms normally attain a sill at a certain separation distance (the range of the variogram), which defines a separation distance beyond which the parameters are not correlated anymore. As shown in Figures 4 and 5 , however, most of the variograms do not show this behavior, at least within the range of separation distances covered by the calibration set of subwatersheds. This is an indication that there could be either a spatial nonstationarity in the parameters or that the range could be beyond those observed. Since the range of variability of the watershed descriptors within the calibration set of subwatersheds doesn't span the whole spectrum of the variation of the descriptors, the latter case was assumed in this work and estimation of parameters in the other subwatersheds was done within the framework of spatial stationarity. In addition, an investigation was made on the estimated model parameters whether they show any trend within the canonical space of the watershed physiographicclimate space. None of the parameters show a significant trend. Figure 6 shows, as an example the variation of two of the model parameters (a and k 1 ) estimated using the nonparametric approach against distance of the watersheds from the origin of the canonical space. Figure 5. Experimental and fitted theoretical variograms for the parameters of the runoff response routine estimated using the nonparametric approach.
[38] The model performance in the calibration set of subwatersheds during the calibration period, as evaluated by the NS value, ranges between 0.70 and 0.93 with a mean value of 0.86 when the parametric approach is used. When the nonparametric approach is used the NS value ranges between 0.71 and 0.93, with a mean value of 0.87. The subwatersheds with the maximum and minimum NS values are the same in both approaches and indeed, there is only a slight difference in model performance between the two approaches in all subwatersheds. Indeed, the minimum value can be treated as an outlier, as the NS value in more than 80% of the subwatersheds exceeds 0.85 in both approaches. The minimum value pertains to one of the subwatersheds in the Main subbasin. Figure 7 shows scatter diagrams of the daily simulated flow using parameters estimated through both approaches against the observed over the whole calibration period for two of the subwatersheds in the calibration set in which the model performances are the best and the worst. As shown in Figures 7b and 7d , despite the good performance of the model in estimating low flows, the peaks are highly overestimated. This is contrary to the general tendency of the model to underestimate the peak flow and there could be a problem with measurement of the peak. In the other subwatersheds, the mean flow is generally well estimated with slight underestimation in some and slight overestimation in the others. The peak flow is, however, generally a little underestimated in most of the subwatersheds.
Relationships Between Model Parameters and Watershed Attributes
[39] Table 3 shows the Spearman's rank correlation coefficients between the watershed attributes and the model parameters estimated using both approaches. The parameter a shows a significant positive correlation with the percentage of urban area, percentage of Cambisol, mean watershed slope, and mean annual precipitation in both methods. On the other hand, it shows a significant negative correlation with size of the watershed, percentage of agricultural area, and percentage of Lithosol and Gleysol. This parameter controls the fast response of the watershed and the relationship suggests that an increase in urban area leads to a faster response while more agricultural land use results in a decline in the fast response of a watershed. There is however, no significant correlation between the fast response of a watershed and percentage of forest areas. It is also interesting to note that wetter watersheds tend to respond faster. On the other hand, the result suggests that larger watersheds respond slowly. The other parameter, k 1 , which also controls the fast response of a watershed shows similar correlation pattern with the watershed attributes except with the percentages of urban area and Gleysol. In both methods, the correlation between the parameter and the percentage of urban area is not significant.
[40] Parameter k 2 , which controls the slower base flow component shows a less consistent correlation pattern with the watershed attributes for the two methods, which makes it difficult to make a general conclusion about their relationship. The only watershed descriptor both methods consistently suggest is related to this parameter is mean watershed slope. They both suggest an increase in the slow response of the watershed with watershed slope. While the parametric approach resulted in a significant correlation of the parameter with mean slope of the watershed and some of the soil types, the nonparametric approach indicated a significant correlation with percentage of forest cover, mean slope of the watershed, and the watershed's shape factor.
[41] The parameter that controls deep percolation, k perc , on the other hand shows significant correlations with some of the soil types and the percentage of forest cover. The relationship suggests that more percolation takes place in watersheds mainly coved by Cambisol and less in watersheds mainly coved by Lithosol and Luvisol. Similarly, the result suggests that forest cover results in more percolation. One can also note from Table 3 that the parametric approach suggests that an increase in urban area reduces the amount of percolation.
[42] For parameter MAXBAS, both approaches indicate a significant negative correlation with the mean watershed slope. The parameter controls the time required to drain the watershed and the degree of attenuation of the runoff resulting from an event in a watershed. The negative relationship with the watershed slope is therefore what one would expect. One would also expect a positive correlation of the parameter with the watershed size. However, only the parametric approach resulted in a significant positive correlation of the parameter with the watershed size. The parametric approach further suggests that forest and agricultural land use also have a tendency to attenuate the runoff and increase the drainage time.
Validation of the Regional Estimation Scheme
[43] Validation of the parameter regionalization scheme was performed both in time and space. Validation in time is performed via split-sample testing. In addition to making use of the data that is not used for model calibration to evaluate the performance of the calibrated model, one can evaluate the possibility of extrapolating model parameters estimated under a given range of climate variability to a possibly different range of variability. The model validation experiment was done for the period 1989 to 1995. This period is generally warmer and drier than the calibration period, with the mean daily temperature between 0.83°C and 1°C higher and the mean daily precipitation between 3.5% and 10% lower in different subwatersheds.
[44] The NS value during the validation period in the calibration set of subwatersheds ranges between 0.82 and 0.93 for the parametric approach while it varies between 0.84 and 0.93 for the nonparametric approach. Indeed, not all the subwatersheds have observations for the entire validation period and the values reported here are only for those subwatersheds with observations over the whole validation period. During the calibration period, the value in these subwatersheds ranges between 0.81 and 0.93. Figure 8 shows a comparison of the model performance between the calibration and validation periods. It is interesting to note that in some subwatersheds, the model performance over the validation period for both approaches is even better than the corresponding performance in the calibration period. This is not, however, the general tendency and in some subwatersheds the performance is, as would be expected, lower. There is a slight difference in model performance in the calibration set of subwatersheds between the two approaches during the validation period. However, the differences are not systematic and nothing can be said about the superiority of one of the approaches over the other.
[45] Validation of the regionalization scheme in space is performed by applying the regional relationship between model parameters and watershed descriptors to subwatersheds that were not used in model calibration. Indeed, this is the most important part of the validation exercise for the regionalization of the parameters, since all the model parameters are estimated on the basis of the established regional relationship using only the watershed descriptors. The model performance evaluation was made separately for the calibration and validation periods used in the calibration set of subwatersheds so that comparison of the performance of the model in the two sets can be carried out over similar periods of model simulation.
[46] The performance of the regionalized model in the validation set during both periods is very similar to the corresponding model performance in the calibration set. The two approaches also show competitive performance skills in the validation set. Figure 9 presents comparison of the NS values of the two approaches between the model calibration and the validation periods at different gauges in the validation set where there are full discharge records during the validation period (1989 -1995) . Both the mean daily runoff and the peak discharges are well estimated in most of the validation subwatersheds despite the general tendency of the model to underestimate the peak. Interestingly, the peak discharges are even better estimated in most of the validation subwatersheds than in the calibration set. Figure 10 shows the scatterplots of the observed and the modeled daily runoff at two gauges of the validation set where the NS values are the maximum and the minimum respectively over the model calibration period.
[47] One important outcome of the validation experiment is that the results suggest the possibility of extrapolation of the model parameters for watershed descriptors outside the range within which the regional relationships were established. As shown in Table 1 , the range of the percentages of most of the land use classes in the validation set of subwatersheds is slightly wider than the corresponding range in the calibration set and yet the model performance in both sets is comparable. For instance, the NS value obtained using both approaches in the validation subwatershed which has the largest forest cover is around 0.9 during the period over which the model calibration was done, which is slightly higher than the average value obtained in the calibration set during model calibration (0.87). It should be noted, however, that this extrapolative nature might only be applicable for slight deviations of the watershed descriptors from their range in the calibration set and it could be risky to apply it for large deviations. Further efforts should be dedicated to investigating this point.
[48] In general, on the basis of the NS value, the regionalization scheme presented in this work has resulted in a slight improvement of performance compared to the scheme that is based on a linear relationship between the model parameters and the watershed descriptors reported in Hundecha and Bárdossy [2004] . Indeed, most of the improvements were noted in the validation set.
Summary and Conclusions
[49] A regional estimation technique for parameters of one of the widely used conceptual rainfall-runoff models was developed and tested. The technique was developed with the aim of accounting for the nonlinearity of the relationship between the lumped model parameters and a set of watershed descriptors. This was done by making use of a geostatistical technique for the analysis of the spatial structure of the model parameters within a space defined with coordinates derived from the canonical variables of the watershed descriptors obtained through a canonical correlation analysis between the model parameters and the watershed descriptors. The implemented approach tries to identify the model parameters for a set of subwatersheds that maximize the model performance in all subwatersheds while maintaining a spatial structure within the watershed physiographic-climatic space that is amenable to a geostatistical analysis. Two different approaches were implemented to achieve this goal.
[50] A well-defined spatial structure was found for each of the lumped model parameters that can be described by a valid variogram function while a fairly uniform and acceptable model performance was achieved in the subwatersheds used to derive the regional model parameters. Although the Figure 10 . Scatterplots of the simulated and the observed daily discharges at two of the gauges in the validation set of subwatersheds over the model calibration period.
two approaches yielded comparable results in terms of performance of the hydrological model, the nonparametric approach resulted in the best fit between the empirical and theoretical variograms pertaining to all the model parameters. This is due to the fact that no prior assumption needs to be made about the form of the variogram and therefore less constraint is imposed on the parameters, leading to a more natural spatial structure.
[51] Parameters for subwatersheds that were not used to derive the spatial structure of the parameters were estimated by interpolation within the canonical space from the calibrated parameters using ordinary kriging and the variograms obtained for each of the parameters. Indeed, this provides a more natural way of transferring parameters from gauged watersheds to ungauged watersheds since kriging assigns more weights to parameters of the nearby watersheds within the physiographic-climatic space. The performance of the model run with parameters thus estimated was comparable to its corresponding performance in the calibration set of subwatersheds. This suggests the potential use of the approach to estimate model parameters in ungauged watersheds using a set of watershed descriptors. Furthermore, the results suggest the validity of the regional relationship for extrapolation of the model parameters when some of the watershed descriptors lie slightly outside the range used to derive the relationship. This is, indeed, a desirable feature for the assessment of the impact of changes in watershed attributes, such as land use. However, this extrapolative nature should be interpreted with care for large deviation of the watershed properties from the range of their variability used to establish the relationship.
